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In recent years, MOOCs (Massive Open Online Courses) have become popular and the 

online learning resources are increasing, they are an offered courses by schools and 

universities, which are accessible to everyone and free of charge on the internet, they offer 

the possibility to teach a very group of students, in the same course, at the same time, even 

if they are not in the same location. There are many MOOCs platforms with different 

characteristics, they contain a huge amount of data, so the learner does not know which 

course to take and can choose irrelevant MOOCs. Therefore, he will waste the time and also 

the motivation. Recommender systems give a solution to this problem, they suggest learning 

resources to learners according to their interests and needs, so learner will be satisfied 

because he finds an appropriate course. In this paper, we give a systematic literature review 

of MOOCs recommender systems, based on published papers in the past ten years, between 

2012 and 2022. We have selected 123 papers from five databases, IEEE Xplore, Springer 

Link, Science Direct, Google Scholar and ACM Library. We have divided the data analysis 

in two parts, the quantitative analysis, and the qualitative analysis. In the quantitative 

analysis, we have studied first the evolution of papers by year and the distribution of papers 

on databases by type. Then, in the qualitative analysis, we have based principally on the 

distribution of papers by the existed areas in MOOCs. We have found that there are six main 

fields, course recommendation, peer recommender, MOOC provider, video 

recommendation, learning activities and OER, paid activities recommender system and 

other papers in various types. A high number of articles have been published in the field of 

courses, which confirms that this domain is very important and crucial for learners. 
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1. INTRODUCTION

The term “Massive Open Online Course” was first 

introduced in 2008 by Dave Cormier to describe George 

Siemens and Stephen Downes’ CCK08 online course [1]. 

MOOCs is a free and open-access university-level courses that 

anyone and anywhere can register for these courses which are 

delivered over the internet. They can widen access to higher 

education for millions of people, so student can access 

complete offered courses. There are many MOOC platforms 

among them, Coursera, Udemy, Udacity and Edx. MOOCs 

have many advantages, they are free, and no tuition fees 

required. In addition, the courses are open to all interested 

even the location is different, so students can collaborate with 

their peers from different parts of the world. However, they 

have also some disadvantages. The training offered can be 

impersonal due to the lack of interaction. On the one hand, the 

student does not have supervision and personalized follow-up 

throughout the training. On the other hand, MOOCs tend to 

suppress social interactions between students. Moreover, the 

student is often confronted with the problem of a lack of 

motivation. The learning effort he must provide is greater 

because he must mobilize all his attention and not be diverted 

by any source of distraction. 

The method used in courses differs significantly between 

platforms. In Udacity for example, the courses are always open. 

Those of Coursera have a beginning and an end. It is not 

always possible to consult the archives of a course once it has 

been completed. The pedagogy that underlies them vary a lot. 

While some teachers favor the lecture, others focus on the 

exercises and on the interaction between the students. Even if, 

there is a difference in the method of proposition of courses, 

MOOCs platforms share three characteristics. They are open, 

the registration procedures are very flexible. Then, they are 

massive, the number of registrants can vary from several 

hundred to several thousands of students. Finally, they rely 

heavily on exchanges between peers to provide support. 

With the rapid development of MOOCs platforms, the 

online learning resources are increasing, and they contain a 

huge amount of data, so the user does not know which course 

can follow, for that we need recommender systems for 

MOOCs to help learners to choose an adequate and relevant 

course from several suggested courses. Recommender systems 

are based on two notions, items, which are the element that we 

recommend, and the second notion is user, it is to whom we 

will recommend the item. In order to give a recommendation, 

it is important to have a description of the item that we will 

recommend, moreover, we need to make a representation of 

user behaviors to know him better and give him relevant 

recommendations, this identification depends on the type of 

used approach. These systems propose to the user items that 

can interest him, they offer useful information adapted to 
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users' profiles based on their preferences and behaviors, and 

they aim also to help users discover relevant products among 

several articles suggested because of the large volume of 

information, so in this case the user reduces the search time 

and find a good result. 

There are principally three approaches that are used in the 

recommender systems like shown in Figure 1. First, content-

based filtering which is based on the description of the item 

[2], so it assumes that the user will buy products which are 

similar to the products that they have bought. Second, we have 

collaborative filtering which is becoming diversified beacause 

there is a deep research in this field [3], it is based on user 

profile, it’s not interesting with the content of the element like 

content-based filtering. Its main goal is to offer to the current 

user the elements that are relevant to the users who are close 

to him. This technique is divided into two types, memory-

based approach which is also divided into user-based and item-

based [4], and model-based approach, the model building 

process is performed by these algorithms: clustering 

techniques, association rule, neural network, and Bayesian 

network. Third, hybrid filtering, it is a combination between 

two or more of recommendation techniques, so instead of 

using several techniques we can use just one. 

 

 
 

Figure 1. Recommender systems approaches 
 

This paper is organized as follows. In section 2, we present 

our Systematic Literature Review method, this part contains 

the research questions, the databases that we have used to 

extract the relevant paper of our research, the research period, 

the keywords used in the search, and finally the data selection. 

Section 3 contains data analysis and results, it is divided in two 

main parts. The first one is the quantitative analysis, which 

contains the evolution of papers by year from 2012 to 2022 

and the distribution of papers by publication type (conference 

papers, journal articles and book chapters). The second one is 

the qualitative analysis which analyzes the published papers 

by the existing fields in MOOCs. Section 4 presents a 

discussion of found results. The final section contains the 

conclusion and the future directions. 
 

 

2. SYSTEMATIC LITERATURE REVIEW METHOD 

 

A Systematic Literature Review (SLR) method describes 

and summarizes the state of relevant scientific research on a 

research question or topic and the results of several studies. 

There are many reasons to perform a systematic literature 

review among them, to summarize the existing evidence 

concerning a technology. In addition to that, we need to 

identify any gaps in current research in order to suggest areas 

for further investigation [5]. 

Our methodology contains two fundamental steps the first 

one contains many parts which are, research questions, the 

used databases, the keywords that we have used on our search, 

and data selection. The second step is data analysis, it is 

divided in two parts, quantitative and qualitative analysis. 

Figure 2 shows the process of our systematic literature review. 

 

 
 

Figure 2. Flow of our systematic literature review method 

 

The steps of the process flow of our systematic review 

method will be explained in the next sections. 

 

2.1 Research questions 

 

The reason for the need for a literature review is mandatory, 

here is the list of the research questions (RQ) of this paper: 

RQ1. What is the evolution of research related to 

recommendation system for MOOCs from 2012 until 2022? 

RQ2. What techniques are used to implement MOOC 

recommender systems in the papers?  

RQ3. What are the areas of the implementation of MOOCs 

in recommender systems? 

We have identified three RQ. RQ1 is defined to identify the 

evolution of research in MOOCs recommender systems in the 

last ten years. RQ2 is formulated to know the approaches that 

are used to implement MOOC recommender systems in 

published papers and solve existing problems in them. RQ3 is 

identified to have an idea about the fields which are very 

important for researchers and where they publish many papers. 

 

2.2 Databases 

 

The identification of the sources of research is a crucial step, 

it aims to collect many relevant research studies as possible, 

and which can help us to respond to our research questions. 

We have used five databases to identify the relevant papers 

that will help us to achieve our objectives: the Institute of 

Electrical and Electronics Engineers (IEEE) Xplore, Springer 

Link, Science Direct, Google Scholar and ACM Digital 

Library. Following the links to each one: 

·IEEE Xplore (http://ieeexplore.ieee.org) 

·Springer Link (https://link.springer.com) 

·Science Direct (http://www.sciencedirect.com) 

·Google Scholar (https://scholar.google.com) 

·ACM Digital Library: (http://dl.acm.org) 
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2.3 Research period 

 

We have reviewed the papers that have been published in 

the last 10 years, from 2012 to 2022. 

 

2.4 Search keywords 

 

Our review will be guided by the relevant following strings 

that we have selected in the search in the sources above by 

combining different keywords: 

· String 1: (“MOOCs” OR “MOOC”) AND 

(“Recommender”, OR “Recommendation”, OR 

“Recommending”) AND (“System”, OR “Systems”) 

·String 2: ((“Massive Open Online Courses (MOOCs)”) 

OR (“Massive Open Online Course (MOOC)”)) AND 

(“Recommender”, OR “Recommendation”, OR 

“Recommending”) AND (“System”, OR “Systems”) 

 

2.5 Data selection 

 

The inclusion and exclusion criteria must be carefully 

defined in order to give a good literature review, and to select 

only papers that are relevant to our search.  

On the hand, conference papers, journals, and book chapters 

were included in this literature review. In addition, we have 

included just papers which are written in English language 

from 2012 to 2022, and the abstract or the title of the paper 

contains the keywords of the search. On the other hand, we do 

not take into consideration short studies, like summaries and 

poster, unpublished papers, paper which do not have a full pdf, 

paper which does not discuss MOOCs in recommender 

systems and returned in the search result, and we have 

excluded also articles which do not contain an experimental 

result (Table 1). 

We have found 232 studies, after the application of the 

exclusion criteria we have selected only 123 papers. 

 

Table 1. The criteria of the exclusion and the inclusion of the 

papers 

 
Inclusion Criteria Exclusion criteria 

Papers written in English 
Short articles like poster and 

summaries. 

Papers published in conferences, 

journals, and book chapter 
Unpublished papers 

Papers published between 2012 

and 2022 

Articles which do not contain 

an experimental result. 

The abstract or the title of the 

paper contains the keywords of 

the search 

Full paper is unavailable 

 

The paper does not discuss 

MOOCs in recommender 

systems  

 

 

3. DATA ANALYSIS AND RESULTS 

 

Data analysis is divided in two main parts, the quantitative 

analysis, and the qualitative analysis. 

 

3.1 Quantitative analysis 

 

In the quantitative analysis, we have classified the evolution 

of papers by publication year, application domain, publication 

type, and finally by technique. To perform that, we have 

analyzed 123 papers that have been published in the last 10 

years, between 2012 and 2022. 

 

3.1.1 Evolution of papers by year 

We studied the evolution of published papers on MOOCs 

recommender systems by year in order to have an idea about 

the evolution of this domain in the last ten years based on 

selected articles from all databases. 

Figure 3 shows the number of papers published in each year 

from 2012 to 2022, we observed the fast evolution, which 

confirms the utility of this domain in recommendation systems. 

From 2012 to 2016 we observe a few published papers. After 

that, in 2017 an important and fast evolution appears and the 

number of papers increases as mentioned in the figure. From 

2018 to June 2022 various papers are always published in this 

field which help to keep the evolution from 2017. 

 

 
 

Figure 3. Evolution of moocs recommender systems papers 

by year from 2012 to 2022 

 

3.1.2 Classification of papers by publication type 

We have based on our systematic review on 123 papers 

distributed on several databases. Table 2 and Figure 4 shows 

the results found in the databases, we have based on 35 papers 

from IEEE Xplore, which composes 28% of total found results. 

Then, we have Springer link database, 29 papers and 24% of 

results used in this review. The ACM digital library is the third 

in the number of papers with 26 articles and a percentage of 

21%. We also have Science Direct database with 18 papers and 

15%. Finally there is Google Scholar source, we have used 15 

papers and 12% of related articles. 

 

 
 

Figure 4. Distribution of papers found in databases 
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Table 2. The number of selected papers in each database 

 
Database Number of papers 

IEEE Xplore 35 

Springer Link 29 

Science Direct 18 

Google Scholar 15 

ACM Library 26 

 

In Figure 5, we present the distribution of different types of 

published papers that we are used in our research by year, from 

2012 to 2022, we have based on 123 papers which contain 

three principal types, 79 of them are a conference papers, then 

37 journal articles and 7 book chapters. As shown in the figure, 

there is no publication in 2012 related to MOOCs 

recommender systems, progressively we observe that the 

number of papers increased rapidly in the next few years. 

 

 
 

Figure 5. Distribution of papers by publication type 

 

3.2 Qualitative analysis 

 

In this part we will extract topics from papers and classify 

them. 

Based on extracted papers, we have found that researchers 

analyze different topics on the application of MOOCs in 

recommender systems. The papers have been classified 

according to several fields of application, among them: 

Course recommendation: The main task of MOOCs 

platforms is the recommendation of different courses to 

students, for that, many papers analyze this main topic to 

satisfy students and give them good and reliable 

recommendations. 

Peer recommender: It consists of putting the student in the 

position of corrector by asking him to bring a critical eye and 

to note the work of other students (his peers). The large 

number of participants in MOOCs makes it strictly impossible 

for teachers to correct each production returned. Therefore, 

when automatic assessment is impossible, learners rate each 

other. 

MOOC provider: It concerns the academic institutions that 

offer courses and recommendation of topics to them. 

Video recommendation: In this area authors treat the 

recommendation of videos in a different way, they analyze 

suggested videos to give a recommendation better than the 

traditional way. 

Learning activities and OER: This category contains 

papers related to OER and learning activities. 

Paid activities recommender system: It concerns the act 

of helping learners to be paid for a task and have money while 

using MOOCs. 

Other papers: papers which do not have a specific area 

exist in this part. 

Figure 6 shows the distribution of papers that are published 

in MOOC recommender systems by categories. We have 

found that 56% of works is based on the category of course 

recommender, which is the high existing percentage, which 

confirms the importance of this field on the research of 

different authors. As a second one, we found video 

recommendation with 13%, the traditional way gives 

recommendation, but the authors found that the analysis and 

the treatment of videos gives more reliable results which 

enhance this category in MOOC recommender systems. Then, 

we have peer recommender, paid activities recommender 

system and learning activities and OER with 8%. Then, there 

is MOOC provider with 2%. We have also some published 

papers in other categories which contains just a few numbers 

of articles and present 5% of papers in our database. 

 

 
 

Figure 6. Distributiono of papers on existing categories in 

MOOC Recommender Systems 

 

We have analyzed the found works, we have based on the 

Table 3 below which shows the distribution of papers by 

category per year in MOOC recommender systems. 

 

Table 3. Distribution of some published papers by category 

in MOOC recommender systems per year 

 
Research topic Publication year Related works 

Course 

recommendation 

2022 [6, 7] 

2019 [8, 9] 

2018 [10-12] 

2017 [13-19] 

2016 [20-22] 

2015 [23-26] 

2013 [27] 

Peer 

recommender 

2018 [28] 

2017 [29] 

2015 [30] 

MOOC provider 2017 [31] 

Video 

recommendation 

2018 [32-36] 

2015 [37] 

Learning 

activities and 

OER 

2017 [38, 39] 

Paid activities 

recommender 

system 

2018 [40] 

2017 [41] 

2016 [42] 

Other papers 

2018 [43] 

2016 [44] 

2014 [45, 46] 
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4. DISCUSSION 

 

We have many areas in MOOCs for recommender systems, 

which focus to the interest of this field in recommender 

systems. In our systematic literature review, we have reviewed 

the published papers in the last 10 years, from 2012 to 2022 in 

different databases. We have classified the papers that we have 

based in this review on six main categories, course 

recommendation, peer recommender, MOOC provider, video 

recommendation, learning activities and OER, paid activities 

recommender system and other papers in various types. In this 

part, we will discuss the types one by one, and the objective of 

researchers of published papers. 

 

4.1 Course recommendation 

 

Many researchers focus on the implementation of course 

recommendation because it can help in the improvement of the 

learning experience, and it is one of the challenges of MOOCs. 

Onah and Sinclair [26] analyze the application of MOOCs in 

recommender systems, especially in the category of course 

using collaborative filtering, Piao and Breslin [47] utilize 

content-based filtering algorithm. These two algorithms are 

very used in many papers, especially in the period between 

2013 and 2016. Boratto et al. [9] analyze the effect of 

algorithmic bias, they compared the algorithms that already 

exist and the list that they recommend against biases related to 

catalog coverage, course popularity, and course category 

popularity. Some authors are based on new methods and 

frameworks, for example, Li and Li [18] presented a novel 

fusion recommender system for MOOCs, they propose a new 

metric to measure the relevance between user and courses 

based on the behavior of user in MOOCs platform, they also 

used the collaborative filtering algorithm. In addition, Fu et al. 

[25] proposed a new framework for designing an 

undergraduate-oriented recommendation system for MOOCs 

in which the particular characteristics of the participants like 

learning interest and learning motivation. Ouertani and 

Alawadh [20] presented a system which gives suitable courses 

among many providers, and it recommends courses related to 

the previous experiences of its users. 

From 2017, the researchers started with the application of 

deep learning and neural networks in order to preprocess data 

and give recommendation [46-50]. Moreover, association rule 

mining is also introduced in [51], where authors present a new 

system which recommends learning resources, such as, 

relevant courses to learners, using a combination of 

association rules, collaborative filtering, and content-based 

filtering. Fauzan et al. [52] proposed a new system based on 

the apriori algorithm in association rule to recommend 

appropriate courses to learners in order to satisfy them. 

 

4.2 Peer recommender 

 

We have found same papers in the context of peer 

recommender systems which is also has an important role in 

MOOCs. Bouchet et al. [29] implemented a chat-based peer 

recommender systems which is used during a MOOC session 

to know the causes of the usage of peer communication in 

MOOCs, they found that students are not satisfied by the 

available othermeans of interactions, and they seem to use it 

more to share emotions than to learn together. In addition, 

Sunar et al. [30] proposed a new method for the measurement 

of the interactions and for predictions of interactions between 

peers, they found that if a learner interact with their peers, they 

will interact again in the next weeks. Reciprocal scores are also 

used in some papers, and they are the interest of some 

researchers [13], the objective is to give good recommendation 

of peers for learners. 

 

4.3 MOOC provider 

 

We take into consideration only one paper in this category 

[31], where authors implemented a new framework in order to 

give recommendation of courses to learners based on their 

curricular information by relying on their LinkedIn profiles, it 

has another objective which is the proposition of the topic 

which can interest MOOCs’ providers based on the job market 

needs. 

 

4.4 Video recommendation 

 

Another category which researchers carried out on 

recommender systems for MOOCs is video recommendation 

to learners. Before, researchers do not analyze the content of 

videos to propose related videos to the topic of the same 

current video. Belarbi et al. [32] proposed a new approach in 

video recommender system in SPOC, which is based the 

algorithm K-means clustering to group users with similar 

video behavior into clusters and on the user’s video 

clickstream to create the user profile. Moreover, researchers in 

[33-35] presented a system which gives recommendation of 

videos of courses. it takes into consideration the content of the 

video and sequential inter-topic relationships which are 

extracted from the syllabi of course. Furthermore, Bhatt et al. 

[36] presented a system of the recommendation of videos that 

combines sequential pattern mining of inter-topic relationships 

with topic-based video representation. 

 

4.5 Learning activities and OER 

 

Other researchers are based on their research on the field of 

learning activities and OER. On the hand, Harrathi et al. [38] 

presented a set of dimensions that describe learning activities, 

they give a proposition of the classification of the 

recommended learning activities based on Bloom’s taxonomy, 

then they integrate them in a recommender system with 

modular architecture. On the other hand, Hajri et al. [39] 

proposed a new system to recommend OERs to MOOCs 

learners, it is based on learner profile, on a carefully crafted 

process and on metadata describing the course to query the 

SparQL endpoints for OERs. 

 

4.6 Paid activities recommender system 

 

While using MOOCs, another group of authors paid 

attention to help learners to have money, they will give some 

paid activities in recommender system by applying their skills. 

Harrathi et al. [38] proposed then implemented a system that 

recommend to learners courses which are related to paid tasks 

from online marketplaces, like Upwork or witmart. 

Consequently, the learners learn and earn money [39, 40]. 

 

4.7 Other papers 

 

In this part, we categorize papers which do not have a 

particular field. A chatbot for MOOCs is proposed in [44] for 

Facebook Messenger, this system is based on the profile of 
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users in social media and their interests. A recommender 

system based on threads is proposed in Yang et al. [45], it is 

presented in a discussion forum, it recommends questions for 

students and based on their knowledge they will answer. After 

that, Yang et al. [46] improved this system and make it less 

expensive in computation. Jain [43] focused on data mining 

techniques in order to propose a MOOC recommender system, 

they are based on the activity logs of learners to define if he is 

active or passive, they found 92% in average accuracy, if the 

user is active for the course recommendation. 

 

 

5. CONCLUSION AND FUTURE WORK 

 

In MOOCs platforms, data collected and stored in databases 

has grown considerably due to advances in software and 

hardware which led to the automation of data processing 

processes. Therefore, traditional management information 

systems techniques have become inappropriate and other new 

tools have appeared. Recommender systems are intended to 

assist learners during their learning process to remedy the 

massification of exchanged data between learners. They aim 

to help learners to find relevant information from an important 

amount of data. 

In this paper, we have based on 123 papers that have 

published in the last decade, from 2012 to 2022, to present a 

systematic literature review of MOOCs recommender systems. 

We have found that recommender systems in MOOCs knows 

an evolution in the last ten years, especially from 2017. We 

have divided the fields which exist in published papers into six 

types, and we have found that many researchers paid attention 

and publish many papers in the area of course recommender 

which is one of the challenges of MOOCs. 

Several researchers are working on MOOCs recommender 

systems, but the traditional systems do not use the clickstream 

analysis. This is the reason why in the future, we will propose 

a new recommender system in the field of MOOCs based on 

clickstream analysis, in order to detect the part, which attract 

more attention of the learner. On the other hand, it can help 

teachers to have an idea about the topic which interests the 

learner, so they can record other detailed videos on the same 

topic. 
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